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The invention relates to the characterization of 
multimedia objects, and particularly techniques for 
reducing ambiguities in the recognition of multimedia 
objects . 

The invention also relates particularly to the 
description of the contents of multimedia files 
associated with objects. 

The purpose of the invention is particularly to 
propose a method for describing and comparing objects in 
an uncertainty context . 

For example, in practice the invention is intended 
to describe and compare image, music, video and other 
files . 

It provides an answer to the questions of the type: 
I would like to find music tracks corresponding to "my 
taste". This type of operation introduces two problems. 
The first is to model concepts such as "my taste" which 
are very subjective. A great deal of work has been done 
on this problem for objects that can be put into a text 
context, in this presentation, we will be particularly 
interested in isolated objects without a text context. 
This is the second difficulty that we propose to solve, 
namely how to extract characteristics from an isolated 
object that can be used to describe it and to compare it, 
the objective being to achieve a semantic 
characterization (e.g. in the form of keywords) in terms 

of probability. 

Within the context of the invention, these 
objectives are achieved by means of an automatic 



description method for an unknown multimedia object in 
which the unknown object is associated with several types 
of reference multimedia objects each time depending on a 
probability of membership to each considered type, the 
method including a step consisting of measuring at least 
one physical characteristic on the unknown object and 
comparing it with measurements of characteristics best 
representing the reference types, the method also 
including the step consisting of using at least one 
probabilistic relation for each type giving a probability 
of membership to the type considered as a function of the 
result of the comparison of characteristics of the 
unknown object and the type, the method also including 
the step consisting of using probabilities of membership 
to the different types thus obtained in combination with 
a series of affinity relations between types, so as to 
elect memberships that are majority in probability and 
are also co-designated by their affinity relation, so as 
to exclude memberships with a lower affinity with elected 
types . 

The invention also proposes an automatic description 
device for an unknown multimedia object comprising means 
of associating the unknown object with several types of 
reference multimedia objects each time according to a 
probability of membership to the type considered, the 
device including means of measuring at least one physical 
characteristic on the unknown object and comparing it 
with measurements best representing the reference types, 
the device also including means using at least one 
probabilistic relation for each type giving a probability 
of membership to the type considered depending on the 
result of the comparison of characteristics of the 



unknown object and the type, the device also including 
means of using probabilities of membership to different 
types and obtained in combination with a series of 
affinity relations between types, so as to elect 
memberships that are both majority in probability and are 
co-designated by their affinity relation, and so as to 
exclude memberships with a lower affinity with the 

elected types. 

Other characteristics, purposes and advantages of 
the invention will become clearer after reading the 
detailed description given below with reference to the 
appended figures wherein: 

figures la and lb diagrammatical ly show 
associative modes, the first mode in a "types" plane, the 
second as a learning mode, 

figure 2 is a block diagram representing 
different steps used in a preferred variant of the 
invention, 

figure 3 is a plot showing the membership 
probability as a function of the weighting of a given 
physical characteristic, 

figure 4 shows a plot representing an 
approximation of the above plot, 

figure 5 is a plot representing a membership 
probability as a function of an error measured on input 
variables , 

figure 6 shows a plot of the same type for an 
error on the output variable, 

figure 7 and figure 8 each show a plot 
representing a membership probability as a function of an 
error on a corresponding input characteristic (step 4 in 
figure 2) , 
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figure 9 shows a plot representing a membership 
probability as a function of an average of errors 
measured on two characteristics. 

The method used is highly adaptable. Three aspects 
are discussed below, namely associative networks 
(semantic links between reference objects), fuzzy logic 
(management of uncertainty) and a step called 
"correlative inference" (limit ambiguity by cross- 
checking information) . 

This approach is higher up in the layers than the 
current approach that is very much on the input side and 
is intended specifically to optimize precision and 
modeling of the image, and more generally the object. The 
unprocessed model of the image (sound, etc.) will be used 
even if it is bad quality, and an attempt will be made to 
reduce ambiguity of interpretation due to uncertainty 
management methods (cross reference, fuzzy logic) . 

The description operation is preferably done by 
comparing unknown objects with objects with known 
characteristics and by cross-checking, and will lead to a 
characteristic vector associated with a membership 
probability. This vector translates the relation between 
physical or logical properties and conceptual properties 
(see figures la, lb) . 
25 The method described below is intended for 

characterization in an uncertainty context and is 
applicable to objects regardless of their nature (analog, 
digital, symbolic, etc.). Having said this, for reasons 
of clarity, we will restrict the explanations given below 
to multimedia type files (e.g. mp3 , mpeg, wav, jpg, 
etc.) . These objects may for example be described by some 
physical properties of subjacent analog objects 



(frequencies, duration, typical shapes, etc.). Moreover, 
these same objects may be described in a conceptual 
register by an appropriate topology (pop music, jazz, 
action film, car photo) or a preferred type without it 
being specifically referenced (e.g. a personalized mix of 
jazz and classical music) . A first objective is to apply 
associative correspondence between the physical domain 
and the conceptual domain. 

Figures la and lb present two associative modes. The 
first (figure la) in the types plane is a classical 
conceptual association (for example between lexical 
•themes interconnected by weighted relations as a function 
of their semantic proximities) . The second (figure lb) is 
obtained by learning between the types and the reference 
characteristics. This type of architecture makes it 
possible to identify conceptual relations between 
physical or logical characteristics, by intersection. 

For example, types may be words and characteristics 
may be shapes in the case of images. 

Characteristics should preferably be chosen once and 
for all for a set of given types, but an expertise has to 
be carried out. For example, a musician and an 
electronics engineer would be capable of identifying the 
representative magnitudes of the musical typology (for 
example average frequency of the first 10 seconds of a 
piece of music to distinguish between piped music and a 
hard rock track) . In the following examples, we will only 
use simplified characteristics to describe our method. 

The following is a first example corresponding to 
the case of sound documents, to describe the principle. 

The sound signal coded in a music file (e.g. wav, 
mp3) has to be accessed in order to determine whether or 



not it contains a flute or a horn track (two simple 

conceptual types) . 

This is done by conventional decoding algorithms. 
The signal will be analyzed using appropriate signal 
processing tools that can determine its frequency (for 
example simplified physical characteristic) . If reference 
files are considered (several horn type files, several 
flute type files) , the average frequency can be 
determined in the case of the horn and in the case of the 
flute. It can be observed that the frequency A+delta f is 
the value for the flute and the frequency B+delta f is 
for the horn. These frequencies and associated types will 
be the reference model obtained by a statistical study on 
a representative sample. The frequency fi of a number of 
files containing sounds of unknown instruments can be 
calculated to determine whether they belong to the flute 
category or the horn category depending on their vicinity 
(if fi - A < threshold then i close to flute) . It would 
also be possible for all "horn- type reference files to 
contain files without a horn. The average frequency would 
then intrinsically include a margin of error and its 
proximity with the frequency of a file to be analyzed 
would be analyzed probabilistically, also to take account 
of the fact that the calculation of the average is made 
by calculating a probable average (mathematical 
expectancy) . 

This example is very much simplified since a sound 
file (and the situation for video files is even more 
complicated) is usually a complex combination of 
different frequencies in time and in space. 

To solve this complexity problem, a number of 
spatial and temporal (fixed and variable) frequency 
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characteristics are preferably identified, which in 
theory can be used to describe any signal. We will now 
give another more precise example of a definition of such 
characteristics. A spectral analysis of the signal 
throughout its duration provides a means of recovering 
the high and low frequency ratio. We will only consider 
ten frequency ranges (fl to flO) distributed throughout 
the audible spectrum (20 Hz to 20 kHz) for example dfl = 
20 Hz - 500 Hz, df2 = 500 Hz - 2 kHz, df3 = 2 < kHz -5 < 
kHz etc. In practice, the frequency breakdown will take 
account of the fundamental frequency of the main 
instruments. This analysis can be done at different 
signal periods. For example, we calculate the frequency 
distribution on ten second spaces separated by thirty 
15 seconds on a signal lasting three minutes. The six sets 
of ten frequency ranges (that we will call samples) will 
be considered as being the physical characteristics of a 
signal of the music track. If we know a reference music 
track "that we like" as in the example above (without 
2 0 necessarily knowing how to describe it conceptually - it 
may be jazz or blues, etc.), we can calculate the 
reference sample for any music track, and subsequently 
apply the calculation of "the sample and compare it with 
the reference sample) . Depending on the physical 
2 5 proximity, we can deduce the conceptual proximity with 
regard to this type "that we like". In other words, as 
the distance between the spatial, frequency and temporal 
characteristics of the signal to be sorted and the 
characteristics of the reference signal become closer, we 
will become more certain that the track to be sorted is a 
track of this type "that we like". 
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If we have defined several types of tracks that we 
like, the proximity of the characteristics of the unknown 
track can be compared with the characteristics of each of 
these types. 

We will then obtain a series of probabilities of 
membership of the unknown track for each of these types. 
The types of tracks that we like themselves have 
compatibilities or affinities. Thus, some of these types 
will be musically similar in terms of perception, for 
example such as a "rock" type or a "hard-rock" type. 

Other types, such as "chamber music" and "electronic 
music", are incompatible. 

We will use this ear perception affinities network 
between different types, and probabilities of membership 
to different types, to deduce a membership to a wider 
category including only some of these types that we like. 
We will choose to call this step a "correlative 
inference" . 

This membership to a wider category finalizes the 
automated description of the multimedia object that is 

initially unknown. 

In other words, we will use probabilities of 
membership to the different types thus obtained in 
combination with a series of affinity relations between 
types, affinities representative of human perception, so 
as to elect memberships that are majority in probability 
and that are co-designated by their affinity relation, 
and so as to exclude memberships with a lesser affinity 
with the elected types. 

The elections and exclusions that we are describing 
are materialized in this case by the fact of identifying 
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only one part of the types that we like (in this case a 
"category") . 

Similarly, if we use several reference tracks "that 
we like" to calculate average characteristics, then we 
are learning reference characteristics. These reference 
characteristics are an average that can include tracks 
obtained in error, and therefore this average is a "most 
probable" reference and the proximity of a considered 
track to these characteristics is used to give a 
"probability" that we will like the track. As. the track 
gets closer to the statistical reference, the probability 
that we will like it will increase. The best probability 
that we will like it occurs when the characteristics of 
the track considered and the statistical average of 
15 characteristics of the reference tracks are identical. 

In the case of visual documents (image and video) , 
characterization of visual documents is preferably based 
on the same principle as for sound documents. The 
objective is to measure the proximity with other objects 
based on simple characteristics. An image is analyzed to 
identify complex isolated shapes, together with their 
chromatic characteristics (average, standard deviations 
on the shape) by searching for contours. These operations 
are used classically in image processing. 

As described above, a set of conceptual types is 
associated with a set of physical characteristics. These 
conceptual types may for example include house, animal, 
flower, etc. Their physical characteristics correspond to 
simple shapes and their chromatic descriptions. 

The next step is to search for proximities between 
unknown shapes and "statistically" known shapes (see 
below) or an average forming a "better probability" that 
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we like an image. In this case, the conceptual types are 
inherent to fixed images (this set is adapted in the case 
of videos: action, sports, etc., dynamic type 
information) . As in the case of sound data, video is 
considered as being a sampling of several images that are 
treated in isolation and then as contributing to 
statistical characterization of the film. 

In this description we will take account of an 
uncertainty and ambiguity of the analyses. Living beings 
make their decisions in a context of uncertainty, in 
terms of probability. Even decisions that we consider to 
be obvious satisfy this principle. 

When we perceive a person in the distance, our brain 
uses recognition functions to compare what we perceive 
with a set of basic characteristics that we have 
memorized in the past. These operations lead us to the 
conclusion that the person concerned is probably a 
friend. When we see this person closer, his identity 
becomes more obvious, and the same mechanisms that we 
used previously lead to an equally probabilistic answer. 
The difference is in that in the second case, the 
probability is much higher. 

We will now describe two mechanisms used in the 
preferred example embodiment of the invention. 

The first is processing and composition 
(calculation) of approximate premises (maybe, it is 
possible, etc.). Fuzzy logic gives a number of tools by 
which we can calculate uncertain elements. The other 
mechanism is based on cross-checking of information. For 
example, if the analysis of an image reveals a shape 75% 
like a truck, 75% like a house, 60% like a bus and 10% 
like a chalet, we will consider that the shape is a 
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vehicle because semantically the vehicle category (truck 
and bus) is more "co-designated" than the dwelling 
category (chalet and house) . This is a particular example 
of what is called correlative inference. This is possible 
because the conceptual types have their own associative 
network corresponding to linguistic characteristics 
(tree, flower and plant are associated but differently) . 
Initially, the search for characteristics and the 
reconciliation work between these characteristics and 
conceptual types is made without taking account of the 
internal associative level between the conceptual types. 
This association will be used to eliminate some 
ambiguities on physical / conceptual associations. 

Once again, semantic intersections reflect 
affinities between different types, affinities that are 
taken into consideration in common with probabilities of 
membership to each of these types, and are used to 
determine whether or not there is membership to a 
category. 

In other words, in this example to identify a 
general membership category, probabilities of membership 
to different types thus obtained will be used in 
combination with a series of affinity relations between 
types, affinities representative of human perception, so 
as to elect memberships that are both majority in 
probability and that are co-designated by their affinity 
relation, so as to exclude memberships with a lower 
affinity with elected types. 

in order to set up affinity relations used in this 
second step, herein referred to as the "correlative 
inference step", we will apply preliminary processing of 
a number of texts in which particularly frequent 
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occurrences of two terms are used, each time close to 
each other in these texts. Thus, the semantic relation 
between "house" and "chalet" is identified simply by the 
frequent presence of these terms close to each other in a 

series of texts. 

On the other hand, the fact that the terms "truck" 
and "chalet" are almost never present and close to each 
other, provides a means of identifying that there is no 
semantic proximity link (affinity) between these words. 

For example, the existence of an affinity may be 
detected as a function of exceeding a frequency threshold 
within texts of two words close to each other (close 
because they are only a predefined number of words 
apart) . 

This type of prior processing of a series of texts 
provides a means of automatically setting up affinities 
between types. Such affinities provide a good 
representation of human perception in that they 
correspond to the feeling of affinity between types that 
can be felt by a person, either affinity between "rock" 
and "hard-rock" for music, or affinity between "house" 
and "chalet" for images. 

Obviously, in other embodiments, the prior 
processing of a series of descriptive objects or a series 
of existing objects provides a means of identifying 
typical affinities in a similar manner since they are 
statistically clearly represented as defining a semantic 
relation between two terms or two characteristics. 

In this case, type elections and exclusions consist 
of simply identifying some of them that together signal 
the general membership category to which an object 
belongs . 
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In this case, the associative network (figure la, 
bottom drawing) is composed by learning, as we have just 
described making use of a series of texts in the example 
given. The objective now is to identify statistical 
characteristics of the relation between input (physical, 
top plane) and output (conceptual, bottom plane). These 
characteristics are used as input to the fuzzy model. If 
we consider a set of z relations R between each of the p 
reference types and one or several of the n 
characteristics, each relation Rij contains the 
statistical representation of all examples of this 
relation provided by the reference objects. The relation 
contains the average, the standard deviation, min. , max. 
n etc. For example, if the characteristic i of type j in 
a hundred reference objects is present sixty times, the 
average of the relation Rij is equal to 0.6. 

To make the description clearer, we will now give an 
example application of decision making from a fuzzy 
approach. Recognition of image content in this case is 
the application example. 

The objective is to implement relations between 
shapes and a type, for example a car type, in an 
associative network. We will limit our description to the 
context of this example but in practice more 
characteristics than the shape can be used and more types 
can be used than the simple car type. 

In figure 2, step A corresponds to a manual 
identification of reference characteristics (e.g. shapes, 
average spectrum on the first 10 seconds of a music 
track) and relevant types (expert work) . 

Step B is the automatic recovery (search engine and 
Web- Internet downloader) of statistically relevant 
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objects (for example car image) describing a given type 
(ditto for all types) starting from keywords (car, 

automobile, etc.) . 

Step C is a step to analyze the content of reference 
objects; measurement of reference characteristics, 
analysis and segmentation of results (groups) . 
classical categorization technique is used to identify 
groups . 

These three steps are done for several reference 
types linked by an associative network. This approach 
will enable settling some ambiguities in a subsequent 
step (Step H) by intersection. 

Step D corresponds to fuzzying, in other words 
identification of input variables (characteristics) and 
output variables (types) of functions and .membership 
limitations, information derived from the previous steps 
being used to automate this step. 

Step E corresponds to a step of definition of 
inference rules. These rules are generic and correspond 
to a homogenous composition of AND / OR functions 
relating inputs to outputs. 

Step F is a step for the measurement of 
characteristics on the unknown object. 

Step G is a defuzzying step; evaluation of the level 
of output variables. This step presented herein in the 
global sense corresponds to defuzzying of each output. 
The result is in the form of a probability of membership 
of the unknown object to each type. 

Step H is a step for cross-checking results using an 
associative network to limit the ambiguity (e.g. if the 
object is 50% a tree, 50% a car and 50% a truck, then it 
is certainly not a tree) . 
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We will now describe this block diagram in figure 2 
in more detail, in a first reference step (steps A to C 
in figure 2) , we will recover a large number of images 
containing cars, and the contours of shapes will be 
identified using classical software tools. These shapes 
are normalized (corrected to identical proportions) and 
compared (Cartesian reference) so as to identify 
homogenous groups (superposable contour with minimum 
error). For each of these groups, the average shape 
called the reference shape is identified (this may be an 
arbitrary image in the group since segmentation - step C 
- assures that the members of a group are strongly 
similar) and the number of candidates per group. It will 
be stated that the reference shapes containing most 
candidates best describe the reference type (car) . The 
optimum number of groups will be identified using 
conventional clustering techniques. For example, the 
ratio between the average intra groups and inter groups 
error will be optimized. The shape to shape errors matrix 
will be used as input to the clustering algorithm. 

For the remainder of the example, it is assumed that 
the ideal number of groups is two. Therefore, there will 
be two average shapes, each of which will be assigned to 
a similarity probability depending on the shape % in the 
group compared with the total number of shapes. 

Unlike binary logics (in which a proposal is true or 
false), fuzzy logic takes account of the "possible- 
nature of a proposal by associating a degree of 
probability with it. In addition to a concept, fuzzy 
logic introduces methods and an appropriate algebra for 
manipulating fuzzy (approximate) magnitudes. 
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The first step (step D in figure 2) called the fuzzy 
quantification (or fuzzying) consists of modeling each 
input in the system by curves giving the degree of 
membership to the different states of the system possibly 
associated with these inputs. In our case, the inputs are 
physical characteristics and the states are conceptual 
types (or associations of types), and the system is an 
associative network (normalized weighting) existing 
between the inputs and outputs (see figure la) . 

Thus, each input, depending on its weighting level, 
will be represented on a sigmoid type curve (figure 3 or 
approximated in figure 4) that will explain its level of 
membership to a given type. 

For example, consider a network (figure 1) in which 
the maximum weighting level (normalized) is 100. A 
physical characteristic that will be related to a 
conceptual type with a weighting of 10 will be considered 
as describing it as having a low probability. On the 
other hand, a weighting of 80 will be considered as a 
very relevant description. 

In figure 4, the minimum and maximum values obtained 
by statistical analysis provide thresholds beyond which 
the characteristic is no longer considered to describe 
the type at all (minimum) or to describe it very well 
(maximum) . 

The membership function represented in figure 5 
establishes the level of membership to each fuzzy subset 
as a function of the error level between the reference 
shapes (the two average shapes) and the shapes contained 
in the image to be analyzed. 

in figure 5, the •'-» symbol represents improbable 
membership. The »=» symbol represents possible 
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membership. The "+■ symbol represents very probable 
membership . 

Sit-in and Sinw respectively denote minimum 
similarity and maximum similarity calculated shape to 
shape in each group during learning. Sinw is the 
similarity between the two most similar shapes within a 
given group, and Sinw is the similarity between the two 
most different shapes within a given group. 

Similarly, the membership function is described for 
the output variable (figure 6) . 

In this description, the values Sinw and Sinwx 
describe the minimum and maximum uncertainties for making 
a decision. It will be said that below Sitrw the shape 
does not belong to the type, above Sinw it does belong 
to the type, and between these two values it belongs to 
the type with a certain probability. For example, I might 
decide that below 20% certainty, the person that I see in 
the distance is not the person that I think it is, 
whereas above 75% I decide that it is the person 
concerned . 

Inference rules (steps E and F in figure 2: 
definition of inference rules and measurement) imply a 
sequence of logical operations and conditions relating 
inputs and the output that can be adapted in more or less 
detail depending on the case to be treated. The following 
table indicates composition modes relating the two groups 
to make the decision about membership or not membership 
to the reference type. Note in this case that the two 
groups obtained by segmentation (step C) are dissimilar 
groups. Therefore membership to the two groups is not 
sufficient to eliminate the ambiguity about membership to 
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the type. This is why a - sign is assigned in the table 
when El and E2 are equal to +. 

Inference rules between inputs (the degree of 
membership to group 1 or 2) and the output (degree of 
certainty that it is a car) are as follows. The two 
inputs being related to the output by an OR function (in 
other words the maximum of the two values in fuzzy logic) 
in the case of low probabilities and the AND function for 
high probabilities. 
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Table 1: inferences between inputs and the output. 
This table is interpreted as follows: 

If (E1+ and E2 + ) or (El- and E2-) or (El- and E2 = ) 

or (El= and E2-) then S-. 

(If the resemblance to shape 1 and to shape 2 is low 
or the resemblance to shape 1 is low and to shape 2 is 
mediocre, or the resemblance to shape 1 is mediocre and 
to shape 2 is low, then it is not probable that it is a 
car. 

If (El= and E2 = ) or (E1+ and E2-) or (El- and E2 + ) 
then S=. 

If (E1+ and E2=) or (El= and E2+) then S+ . 

We will now give an example of an algorithm for the 
composition of inference rules for a number of arbitrary 
groups . 

Each characteristic may be in three states ( + , -, =) 
or for n characteristics, 3 n possible combinations. 
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In this step, the values will be initialized to S+; 

S-; and S= to 0. 

For each of these 3 n combinations: 

the sign and value of elements of the 
composition are identified; 

Min is calculated as being the minimum of all 

elements in the combination; 

the number of "+" elements and the number of "- 
" elements are counted for each combination. 

The results are then interpreted as follows: 

if the number of "+" elements is less than 30% 
of the number of elements in the combination and equal to 
at least one element (using the closest integer value to 
the 30% (for example if the value is 0.7, then we will 
use 1), then if Min is greater than the value S+, the 
value S+ is defined as being equal to Min; 

if the number of elements is more than 70%, 
then if Min is greater than the value S=, the value of S= 
is defined as being equal to min; 

if the number of elements is between 3 0 and 
70%, then if Min is greater than the value S=, the value 
of S= is defined as being equal to. Min) . 

The output from this system (steps G and H: 
defuzzying and cross-checking) is in the form: the object 
corresponds (for example) 80% to type Tl, 65% to type T2 , 
etc. In our example, we are limited to a single type Tl = 
car. 

Defuzzying consists of evaluating the output 
magnitude (in this case the probability of membership to 
a given type) . This is given by projecting the state of 
input variables onto output variables through inference 
rules. In practice, membership functions of output 
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variables are reduced (decapitated) as a function of 
results output by logical (fuzzy) operations dictated by 
inference rules. The following section gives an 
illustrated example of this operation. 

We will now give an application example. It will be 
considered that after the learning phase, each group has 
the following characteristics (figures 7 and 8) : 
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10 We will consider that an image has a shape that has 

the following errors, after comparison with the two 
reference shapes: 
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If (E1+ and E2 + ) or (El- and E2-) or (El- and E2 = ) 
or (El= and E2-) then S- 

S- = Max [Min (0,0.25), Min (0.85,0), Min 

(0.85,0.7) , Min(0.3,0] =0.7 

If (El= and E2 = ) or (E1+ and E2-) or (El- and E2 + ) 

2 0 then S= 

S= = Max[Min (0.3,0.25), Min (0,0), Min (0.85, 
0.25) ] =0.25 

If (E1+ and E2+) (E1+ and E2=) or (El= and E2+) then 

S+ 

S+ = Max [Min (0, 0.7), Min (0.3, 0.25)] = 0.25. 
The result 48 corresponds to the center of gravity 
of the three sets (-, + , =) of the output, reduced to 
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0.7, 0.25, 0.25 respectively (cross-hatched surface, 
figure 9) . 

Therefore, the result is "the chance of it being a 
car is 48%". We cannot make any cross-checks because in 
our example we are limited to a single type. 

in reality, we will also add a step consisting of 
using probabilities of membership to different types thus 
obtained in combination with a series of affinity 
relations between types, affinities representative of 
human perception, so as to elect memberships that are 
both majority in probability and that are co-designated 
by their affinity relation, and so as to exclude 
memberships with a lower affinity with elected types. 

This step, in combination with the previous steps, 
15 can significantly multiply the precision of the analysis. 
Globally, this method is attractive since it provides a 
law for composition for fuzzy inputs which is difficult 
to manage when there is a large number of inputs. 
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